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Abstract: Flight behavior analysis provides the fundamental basis for the future development of air traffic management

(ATM). The characteristics of aircraft behavior are inherently reflected in their flight trajectories, impacting flight

efficiency and safety levels. However, existing research largely addresses inefficient or abnormal trajectories from a

single perspective, with an absence of a unified evaluation standard. This paper introduces a method for analyzing

flight deviation behavior based on automatic dependent surveillance-broadcast (ADS-B) data, defining novel metrics

of trajectory redundancy and trajectory deviation. An adaptive detection algorithm is developed to capture diverse

deviation patterns. Results reveal that higher trajectory redundancy is linked to lower operational efficiency, while

trajectory deviation effectively identify stepped descents, holding patterns, detours, and other behaviors. The

approach offers data-driven support for anomaly detection, performance evaluation and air traffic management, with

substantial significance for civil aviation applications.

Key words: deviation behavior; flight trajectory; flight safety; operational efficiency; data-driven

CLC number: V355 Document code: A

0 Introduction

With the sustained growth of aviation traffic
volume, air traffic management (ATM) have be-
come increasing complex. There is an escalating de-
mand for rigorous ATM performance metrics and
flight operational quality assurance (FOQA). As
the primary manifestation of flight behavior, the de-
gree of trajectory compliance with standard operat-
ing procedures (SOPs) and pre-filed flight plans
fundamentally dictates the safety margin of a flight.
Concurrently, it also serves as a pivotal metric for
quantifying airspace operational efficiency and fuel
economy. Frequent practices like stepped descents
and rerouting not only compromise safety levels but
also delineate critical research frontiers for subse-
quent flight operational performance evaluations.

In accordance with general international civil
aviation management procedures, a flight plan must

be prepared and submitted to the ATM authority

*Corresponding author, E-mail address: yfzhao@cauc.edu.cn.

Article ID:1005-1120(2026)01-0127-18

prior to departure, specifying the expected way-
points, altitudes, and estimated flight times of pas-
sage. After take-off, the actual four-dimensional
(longitude, latitude, altitude and time) flight trajec-
tory inevitably deviates from the flight plan to some
extent due to pilot operations, airport approach and
departure procedures, weather conditions, traffic
flow, and air traffic control instructions. Guidance
Material for Airplane Upset Prevention and Recov-
ery Training (UPRT) Aid in Transport Category
Airplanes issued by the Civil Aviation Administra-
tion of China (CAAC) in 2018 explicitly states that
aircralt deviating from the pilot’ s expectation or un-
intentionally departing from its normal operational
state can be a precursor to abnormal flight condi-
tions'". Identifying such anomalies from deviations
and implementing proactive safety warning is there-
fore of substantial practical significance and academ-

ic value.
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On the basis of this motivation, this paper un-
dertakes a study on flight deviation behavior. From
a statistical perspective, deviation can be defined as
“data that diverges from the normal data model, or
fails to conform to the underlying probability distri-
bution, or exhibits abnormal signals and magnitudes

in a time series”!?

'. A flight trajectory that deviates
from the statistical distribution characteristics of a
large set of trajectories can thus be classified as
flight deviation. From an operational viewpoint, the
flight plan made in advance clearly represents the pi-
lot’ s expectations or normal operational states. Con-
sequently, any divergence of the actual trajectory
from the planned route can likewise be regarded as
flight deviation. This paper adopts both perspec-
tives, using either the flight plan or the historical
statistical distribution of flight trajectories as the ref-
erence. To ensure evaluative equity, the reference
trajectory is defined as the constrained optimal pro-
file strictly adhering to SOPs. This definition serves
to mitigate misclassification risks, preventing com-
pliant flights from being erroneously flagged for high
deviation or operational redundancy. Any flight tra-
jectory that departs from this reference is defined as
a deviation trajectory, with the deviation exceeding
predetermined thresholds constituting flight devia-
tion behavior.

Through observations of extensive historical
flight trajectory data'®', it has indicated that flight de-
viation is characterized by frequent heading chang-
es, resulting in denser trajectories whose overall
shape becomes more complex. Compared with the
typically straight and level flight paths, the trajecto-
ry with flight deviation behavior exhibits a certain
degree of redundancy characteristics. In some mari-
time research, “redundancy” has been used to de-
scribe the density of vessel trajectories and the fre-
quency of heading changes, with a demonstrated
positive correlation between the two*™. Refer to
this concept, this paper introduces the metric of
flight trajectory redundancy to evaluate variations of
flight trajectories. When the redundancy of a target

trajectory exceeds the reference trajectory redundan-

cy by a defined threshold, the flight is considered to
exhibit deviation behavior. To further quantify flight
deviation magnitude, this paper firstly defines the
“deviation” metric, subsequently develop an adap-
tive flight deviation behavior detection methodology
capable of extracting behavioral differences along
the entire trajectory. On this basis, a clustering algo-
rithm is employed to determine reference trajecto-
ries, with the joint calculation of flight trajectory re-
dundancy and deviation facilitating the identification
and detection of flight deviation behaviors through-
out the whole flight phase. The proposed evaluation
framework of flight deviation based on flight trajec-
tory redundancy not only advances the methodologi-
cal foundations for flight behavior analysis but also
provides a theoretical basis for timely anomaly de-

tection and early warning in ATM practice.

1 Literature Review

1.1 Flight trajectory shape recognition

With the widespread deployment of automatic
(ADS-B) air

borne equipment and ground-based receivers'®’, the

dependent surveillance-broadcast
acquisition of flight trajectory has become more ac-
cessible, catalyzing rapid advancement in related re-
search. Huang et al.'”’ detected aircraft loitering be-
havior by exploiting the continuous heading varia-
tion characteristics of trajectories, specifically identi-
fying curved motions in the horizontal plane where
cumulative heading change exceeded 360°. On this
basis, Xiang et al.'®’ developed an angle-symbol
mapping mechanism to convert continuous heading
angles into discrete directional-quadrant character
sets, enabling the identification of “figure-8” loiter-
ing patterns. Based on geometric feature analysis of

flight trajectories, Gingrass et al."”’

extracted key
point information to determine trajectory shapes,
categorizing nine standardized types, straight, de-
tour, curved, loop, multi-loop, figure-8, out-back,
switchback, sinusoidal, as well as one hybrid
shape, thus achieving efficient recognition and stan-

dardized representation of multiple trajectory forms.
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Shivanasab et al.""” proposed a multi-geometric fea-
ture weighting optimization framework, illustrating
that shape, orientation, and curvature constitute the
primary features influencing the quality of trajectory
clustering. Although these studies have primarily
of flight

shapes, comparatively limited attention has been

emphasized the extraction trajectory
given to the underlying semantic characteristics that

these shapes represent.

1.2 Efficiency analysis based on flight trajecto-

ries

Flight trajectories represent the comprehensive
result of a flight’ s operation and its interactions with
external environment of multiple factors and other
objects. The differences in flight distance, flight
time, and even fuel consumption between two trac-
ing points on the trajectory are unequivocal reflec-
tions of operational efficiency''". Guastalla"*’ mea-
sured the efficiency of detour trajectories by employ-
ing the ratio of the difference between actual flight
trajectories and the shortest possible trajectory to
the shortest trajectory distance. Peeters et al.'*”
quantified the flight efficiency of the level flight seg-
ment in the approach phase by calculating the pro-
portion of horizontal flight distance and horizontal
flight time relative to the entire descent process

1.1 evaluated verti-

within the terminal area. Ma et a
cal flight efficiency during the descent process by cal-
culating the ratio of horizontal flight distance to the
total flight distance within the terminal area. Zhao et
al.'"” evaluated vertical efficiency of the approach
phase by utilizing vertical deviations in altitude from
the optimal performance reference profile, while si-
multaneously  quantifying horizontal efficiency
through the ratio of additional approach time to un-
impeded flight time. This approach successfully
identified efficient continuous vertical descent behav-
ior and inefficient step-down descent behavior. The
team subsequently found the impact of detours and
holding patterns on approach efficiency in the ap-

proach phase''®’. Although these studies focus on the

efficiency degradation associated with step-down de-

scents, detours, and holding patterns, they funda-
mentally rely on statistical methods applicable to
multiple trajectories, thereby having limited applica-

bility to analyze individual flight trajectories.

1.3 Anomaly analysis based on statistical meth-

ods

With the advancement in data-driven technolo-
gies, statistical theory-based clustering algorithms
such as K-means''’ and DBSCAN"™ | as well as
neural network techniques like autoencoders**'',
have been extensively applied in the anomaly analy-
sis of flight trajectory. Das et al."**' developed a mul-
tiple kernel based anomaly detection framework for
speed anomaly detection. To address various flight

conditions, Li et al.”?

proposed the ClusterAD-
Flight, which employs clustering analysis to identi-
fy common patterns within datasets, where devia-
tions from these patterns are classified as anomalies.
Melnyk et al.”*’ utilized clustering analysis to reveal
that most abnormal flights in terminal areas involved
go-around behaviors, characterized by a transition
from descent to climb. Li et al.'” introduced the
concept of energy height and applied to the spectral
clustering method to transform positional altitude in-
formation into energy height information, so as to
quantify low-altitude anomalies of aircraft. Puran-
ik further defined energy metrics based on flight
speed and altitude. Olive et al.'”” defined a bounding
box encompassing trajectory sets, leveraging auto-
encoders for clustering and reconstruction within
each box, and used reconstruction error as a criteri-
on for flight trajectory anomaly detection. And Cor-
rado et al.'™ integrated these indicators with opera-
tional environment and trajectory data into an auto-
encoder for detecting instantaneous energy anoma-
lies in general aviation fleets. Similar to the efficien-
cy-focused studies discussed previously, these meth-
odologies identify speed anomalies, altitude anoma-
lies, energy anomalies, and go-around behaviors
from trajectory clusters formed by multiple flight tra-
jectories, but are not suitable for analyzing and de-

tecting trajectory anomalies in individual flights.
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1.4 Research on pedestrian, vehicle, and ves-

sel behaviors

In contrast to the relatively nascent field of
flight behavior research, the study of behaviors re-
lated to pedestrians, vehicles, and vessels has long
been an important research domain, with substantial
achievements worthy for the aviation field. Regard-

1.”) summarized

ing pedestrian behaviors, Zhu et a
the characteristics of pedestrian loitering behaviors
in different scenarios, including single-duration
dwell time, frequency of stops, and reciprocating
movements within small-scale areas. Lu et al.”" fo-
cused on metrics such as movement duration, dis-
tance-to-displacement ratio, and curvature to identi-
fy anomalous trajectories. Approaching from the

scale of gait, Ding et al."*"

quantitatively analyzed
stepping differences during straight-line and turning
locomotion to effectively identify similar deviation
behaviors. For vehicle behaviors, Sun et al.”*?’ de-
tected complex loitering behaviors by calculating the
cumulative rotational angles of trajectories around a
centroid. Jiang et al."*' identified hazardous vehicle
behaviors such as abrupt braking and sharp turns
based on trajectory motion features including direc-
tion and speed rate of change. Sun et al."*"' classified
vehicle behavior as normal, leftward deviation, and
rightward deviation, using lane-based reference for
direction and position deviations. On this basis, He

et al.l*”

integrated multiple trajectory features to
identify behaviors such as multiple stops and dwell-
ing behaviors. For vessel behaviors, Zhang et al.'”
defined loitering behavior as frequent directional
changes within a specific spatial range, establishing
trajectory redundancy as a metric for quantifying. Li

et al.l*"

categorized unsafe vessel behaviors into
overtaking and deviation types identifying vessel
overtaking, positional deviations and speed devia-
tions through the deviation detection model, there-
by enhancing both navigational safety and efficiency.
Zhou et al.”" verified behaviors such as direct sail-
ing, turning, and docking by using heading, turning
rate, and trajectory point density. A common under-
standing across these studies is that metrics includ-

ing trajectory redundancy, position deviation, fre-

quent direction changes and motion index deviations
reflect the behavioral characteristics of transporta-
tion objects, such as loitering, stopping, and turn-
ing behaviors. These findings provide valuable in-
sights for advancing research on flight behavior.
Compared to research on pedestrian, vehicle,
and vessel behaviors, existing studies on flight tra-
jectories primarily rely on statistical methods for effi-
ciency analysis and anomaly detection, with limited
exploration of the specific characteristics of individu-
al flight trajectories. Moreover, there is a lack of a
unified evaluation approach. This study endeavors
to analyze the spatial and motion characteristics of
flight trajectories, proposing trajectory metrics capa-

ble for representing flight deviation behaviors.

2 Trajectory-Based Flight Behav-

ior Metrics

2.1 Flight trajectory redundancy

The complete flight process from pushback at
the parking stand of the departure airport to arrival
at the parking stand of the destination airport can be
divided into five distinct flight phases: Taxi out
(from the departure stand to the takeoff runway) ,
departure (from the takeoff runway to entering the
airway) , cruise (along the predetermined airway
from the departure airport to the destination air-
port) , approach (from the en-route airspace to the
landing runway) , and taxi in (from the landing run-
way to the parking stand). To minimize fuel con-
sumption and flight time, flights are ideally conduct-
ed in straight line, level flight and continuous de-
scent throughout each flight phase, except at desig-
nated turning waypoints. Consequently, ideal flight
trajectories should comprise only of waypoint turns
and straight-line flight segments. Based on this
framework, this study conducted an analysis of the
flight trajectories during the approach phase at Tian-
jin Binhai Airport, identifying two additional trajec-
tory types beyond ideal straight-line and turning
flight paths, in terms of holding patterns and step-

down descents, as shown in Table 1.
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Table 1 Analysis of flight operational characteristics based on trajectories

Operational Specific Trajectory
characteristic indicator Trajectory 1 Trajectory 2 Trajectory 3 Trajectory 4
« Trajectory point « Trajectory point « Trajectory point « Trajectory point
) Three-
Spatial ) )
dimensional

distribution o
spatial diagram

315° 45°
Heading
270° 90°
Motion distribution
patterns 225° 135° 225° 135 225 135° 225 135
180° 180° 180° 180°
Trajectory i ) ) ) )
Straight Sinusoidal Switchback Step-type vertical
shapes
Flight behaviors Straight-line Turning Holding pattern Step~down descent

As demonstrated in Table 1, a straight-line tra-
jectory is characterized by a stable heading main-
tained at a fixed angle, representing a highly effi-
cient direct-flight behavior. A sinusoidal trajectory
exhibits relatively concentrated heading changes
with periodic and continuous characteristics, exem-
plified by turning behaviors with modest angular de-
flections. A switchback trajectory involves frequent
and substantial heading alterations, with the aircraft
maneuvering within a confined airspace, such as
holding patterns. A step-type vertical trajectory is
primarily distinguished by segmented altitude chang-
es, where the vertical profile displays a clear “step-
like” configurations, as observed in step-down de-
scent behaviors.

In a study on vessel behaviors, Zhang et al.'”
identified a distinctive behavior between movement
and berth dwelling, specifically manifested as fre-
quent directional changes within a confined spatial
area. This behavior was defined as loitering behav-
ior and employed “trajectory redundancy” as its
quantitative characterization. This study extends
this conceptual approach to the three-dimensional
airspace of flight operations. As illustrated in Table
1, both the holding patterns observed in the horizon-
tal plane and the step-down descents observed in the
vertical plane can be similarly characterized through

the definition of “flight trajectory redundancy”.

Based on the operational characteristics of
flight trajectories, this study defines a time-varying
quantitative parameter ¢ (7 ), referred to as the flight
trajectory redundancy. This parameter captures the
dynamic changes in the spatial distribution and mo-
tion characteristics of a trajectory within time se-
ries, encompassing horizontal-plane holding pat-
terns and vertical-plane step-down descents. Let
Dy (1) denote the projection length of the trajectory
on plane F and E(7) represent the perimeter of the
minimum bounding rectangle of this projection
(serving as a reference value for the spatial extent of
flight activity). The trajectory redundancy of a flight
on plane F is expressed as ¢, which is calculated as
_ Dx(1)
Eel2)
A flight trajectory is the temporal path of an air-

¢r(t) (1)

craft in three-dimensional space, comprising a series
of discrete trajectory points. Given a flight trajectory
S={P,, P,, -+, P,}, each trajectory point P,=
(x: yir 255 ;) denotes the three-dimensional spatial

position of the aircraft at time ¢,. Under different op-
erational patterns, trajectories exhibiting more fre-
quent heading variations generate correspondingly
higher redundancy values. Conversely, more stable
operations produce lower redundancy values, as il-
lustrated in Fig.1. When the trajectory exhibits al-

most no directional change (Fig.1(a)), D becomes
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significantly smaller than E, resulting in ¢<T1.
When the trajectory undergoes continuous direction-
al variations (Fig.1(b) ), D approaches E, with ¢
approaches 1. When the trajectory involve persistent
reciprocating directional changes within a localized
spatial area (Fig.1(c)), D exceeds E, yielding ¢ >
1. Therefore, as a trajectory changing variations be-
come more frequent, the generated trajectory length
D, increases proportionally, resulting in higher tra-
jectory redundancy ¢ and corresponding greater

probability of abnormal behavior occurrence.

Minimum bounding
rectangle of trajectory

(a) ¢<1 (0) ¢=>1

Trajectory
Fig.1 Comparison of redundancy for different trajectory

shapes

By comparing the ratio of the projection length
to its operational range in the three-dimensional
space of the flight trajectory, the trajectory redun-
dancy for each respective plane can be determined.
Typical trajectory shapes on the longitude-latitude
plane (F,,) include straight lines, curved, loops,
switchback, and sinusoidal shapes. On the longi-
tude-altitude plane (F,.) and latitude-altitude plane
(F,.), the primary trajectory types are straight-line
and step-like configurations. Based on the specific
characteristics of each flight phase, it is necessary to
focus on trajectory redundancy in different planes.
For instance, in the approach phase where signifi-
cant altitude changes occur, the vertical profile
should be the focus. During the cruise phase where
altitude variations are minimal, the horizontal plane
is of greater relevance.

Considering the three-dimensional attributes of
flight trajectories, the flight trajectory redundancy is
calculated as the weighted sum of redundancy val-

ues across the  three

(F,, F,., F,.)
¢'(l"):wl¢.’-‘,‘(l>+w2¢.’-‘,:([)+w3¢1-‘_(f) (2)

3

sz-ZI (3)

1

orthogonal  planes

w,=0 i=1,2,3 (4)

where w, represents the weight for the flight trajecto-
ry redundancy index in each projection plane, and
w., w,, wscorrespond to the redundancy weights of
F., F

terpretability and mathematical consistency of the

planes respectively. To ensure the in-

2y v
overall redundancy metric, the weights are con-
strained by normalization and non-negativity condi-
tions.

Furthermore, the weight for each plane should
be adaptive rather than static, varying according to
the specific objectives and contextual conditions of
the evaluation. For instance, in takeoff or descent
phases, redundancy in vertical trajectory profiles ef-
fectively captures flight dynamics such as altitude
variation and descent gradient-parameters closely as-
sociated with fuel efficiency. Therefore, assigning

higher weights to ¢ and ¢, _facilitates more accu-

rate evaluation of flight efficiency. Methodological-
ly, weighting determination methods can be broadly
classified into subjective and objective categories,
depending on whether expert judgement or data sta-
tistics dominate the process. Compared with the for-
mer, data-driven methods offer consistency by miti-

gating individual biases'™

'. To determine the plane-
specific weights rationally, a combination weighting
approach is employed with the analytic hierarchy
process (AHP) ™' and the entropy wight method
(EWM)"" | thereby synthesizing subjective and ob-
jective insights to obtain the combined weight for
each plane. The computation is expressed as

w,=aw,;+(1—a)w, (5)
where w,. and w. denote the weights derived {rom
AHP and EWMs, respectively; a serves as a linear
weighting factor combining both to obtain the final
composite weight for each plane.

(1) Weight w,, derived from AHP. The AHP
is a multi-criteria decision-making (MCDM ) meth-
odology that decomposes complex problems into a
goal layer, a criterion layer, and an indicator layer,
assigning subjective weights based on expert knowl-

edge and experience ™

. The main steps are as fol-
lows.
Step 1

criteria C,, C,, C; are defined to represent the tra-

Build the hierarchical model. Three
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jectory redundancy corresponding to the three pro-
jection planes.

Step 2 Establish the expert judgement matrix
and perform pairwise comparison. Using Saaty’s
1—9 scale, the relative importance of each criterion

is rated to form a matrix A =[a,]. The weight vec-

tor is then derived by normalizing the columns and
subsequently averaging the rows.

Step 3 Check consistency verification. A con-
sistency ratio test is applied to ensure logical coher-
ence and acceptable consistency in expert evalua-
tions.

(2) Weight w,; derived from EWM. EWM is
an objective weighting approach where the smaller
the information entropy of an indicator, the greater

). The main

its influence and corresponding weigh
steps are as follows.

Step 1 Data normalization. Normalize the tra-
jectory redundancy values of the three planes to re-
move dimensional inconsistencies and ensure compa-
rability.

Step 2 Compute information entropy. Calcu-
late the entropy values for ¢r , ¢ , ¢r_ to quantify
their informational contribution.

Step 3 Determine weights. Use the computed
information entropy values to derive the redundancy

weights for each trajectory plane.
2.2 Flight trajectory deviation

After establishing the redundancy metric, the
aforementioned inefficient behaviors including step-
down descents, holding patterns, and detours can
be quantitatively represented. However, the sharp
and direct descent of flight MUS375 towards the
ground prior to its crash, which differed dramatical-
ly from the planned flight trajectory that maintained
level flight during the en-route phase, cannot be ade-
quately captured by this measure. To address this
limitation, this study introduces the definition of
flight trajectory deviation as an extension of the re-
dundancy metric.

To quantify flight trajectory deviation, a refer-
ence trajectory is introduced. The flight trajectory
deviation 7 is defined as the absolute value of the dif-
ference between the target trajectory redundancy ¢,

and the reference redundancy ¢., as expressed in

Eq.(4). When this value exceeds a certain thresh-
old, it indicates that the presence of flight deviation

behavior.

7=l — ¢ (6)

In Eq.(6), the reference trajectory represents
the ideal flight trajectory that the pilot, the airline,
or the air traffic controller expects for the flight dur-
ing a given phase. This trajectory is not only corre-
lated with the flight plan, aircraft performance, air-
space environment, and atmospheric conditions,
but also closely associated with control procedures,
airport flight procedures, traffic volume, and vari-
ous other factors. Additionally, different reference
trajectories can be defined for distinct flight phases.
In the subsequent calculations in this paper, the tra-
jectory that is closest to the flight plan or the short-
est trajectory within the trajectory cluster serves as
the reference trajectory.

When the deviation is less than or equal to the
maximum acceptable deviation 7., the flight trajec-
tory is considered as a normal trajectory

1= T (7)
where 7,., represents the maximum acceptable devi-
ation tolerated between the target flight trajectory
and the reference trajectory under a specific flight
phase or operational conditions. It serves as the criti-
cal threshold for distinguishing between normal and
abnormal flight behavior. The selection of this value
is influenced by multiple factors. In the Guidance
Material for Airplane UPRT Aid in Transport Cate-

gory Airplanes'”,

Pmw Tepresent the parameter
thresholds for deviations from normal operational
states, such as airspeed, pitch angle, and roll angle.
Similarly, in the flight operations quality assurance
(FOQA) programs established by various airlines,
alert thresholds for heading deviations, altitude devi-
ations and other parameters also provide practical
references for determining 7., ‘.

To comprehensively evaluate the deviation of a
flight trajectory, the deviation of the entire trajecto-
ry is the maximum deviation value among all trajec-
tory segments. By dividing the trajectory into contin-
uous segments termly S={S,, S, +-+, S}, the mini-

mum redundancy value among the corresponding
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reference trajectory segments is selected as the refer-
ence redundancy ¢.. The deviation for each trajecto-
ry segment is then calculated, and the deviation of
the entire trajectory is defined as

) (8)

where 7oy represents the deviation of the entire

Disajectiory = Max (71, 7z, *++

trajectory; and k the total number of trajectory seg-
ments. Simultaneously, the total redundancy of the
entire trajectory ¢ oy 18 defined as the sum of the
redundancy values of all trajectory segments
¢\rﬂ]etlory:¢l+¢2+ Jr‘/’k 9)
The deviation metric quantifies the difference
in redundancy between the actual flight trajectory
and the reference trajectory, providing direct quanti-
tative evaluation of the variance between the flight
trajectory shape and the ideal operational state.
Compared to existing efficiency and anomaly evalua-
tion methods, this approach focuses on a finer gran-
ularity by analyzing the deviation of a single flight
trajectory or even a specific segment of it, rather
than collective multi-flight behaviors, thereby dem-
onstrating enhanced specificity and temporal respon-

siveness.

3 Flight Trajectory Deviation De-
tection Method

As previously mentioned, a complete flight tra-
jectory encompasses the entire process from an air-
cralt’s pushback from the parking stand to its arrival
at the destination airport’ s parking stand. Even for
domestic regional flights, the trajectory can extend
hundreds of kilometers with lasting over an hour.
The crash of MUbS375 was within 2 min. And earli-
er studies show highlights that the truly critical seg-
ments worth of attention within a trajectory are
those associated with exceptional circumstances and
flight phases characterized by complex flight opera-
tions, such as the approach phase. Therefore, a
more practically significant deviation detection meth-
odology involves precise segmentation of the flight
trajectory to identify the trajectory segments with
the most prominent deviations at an appropriate ana-
lytical scale.

An adaptive sliding time window methodology
for flight deviation calculation is proposed, with the

specific process outlined in Fig.2.
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grid mapping

Trajectory extraction and

j——[ Multi-scale flight deviation behavior detection j

ADS-B data

Fig.2 Flight trajectory deviation detection process

(1) ADS-B data preprocessing. The raw ADS-
B data undergoes interpolation, outlier removal,
and other preprocessing steps to construct a com-
plete and continuous flight trajectory dataset.

(2) Trajectory extraction and grid mapping.
Trajectory data including latitude, longitude, alti-

tude, time, and flight number are extracted. A grid-

based method is used to map the discretized flight
trajectories, with grid granularity adaptively adjust-
ed based on trajectory point density to achieve a bal-
anced spatial distribution of data.

(3) Flight deviation behavior detection. An
adaptive sliding time window is constructed, lever-

aging the temporal continuity characteristics of flight
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trajectories to capture and detect short-time flight

deviation behaviors.
3.1 Trajectory extraction and grid mapping

Considering the complexity of calculating re-
dundancy based on the spatial characteristics of
flight trajectories, this study employs a quadtree-

based grid partitioning model"**

, which maps the
vectorized spatiotemporal coordinates of the trajecto-
ry into grid cell objects'*'. The original longitude,
latitude, and altitude coordinates of the trajectory
points are substituted for grid coordinates, denoted
as P(x,v,2,0)>G(r, b, h, t). Each trajectory
point termly p can be mapped as a grid cell object
named g. Utilizing the quadtree structure, finer grid
divisions are applied to areas with dense trajectory
points, while coarser grid granularity is maintained
in sparse regions. An independent discretization
strategy is adopted to partition the vertical airspace
into  multiple non-overlapping altitude layers.
Through combination of the horizontal grid cells
with the altitude layer indices, the corresponding
three-dimensional grid cell for each trajectory point
is determined.

After mapping the trajectory to the grid, the re-
dundancy detection method requires only statistical
counting of grid cells traversed by the trajectory,
eliminating the need to consider the exact position of
the trajectory points within individual grid cells.
Based on this principle, a rapid calculation method
for counting grid cells traversed by trajectories is de-

signed as
Gy=max(|r,—r |6, —b,])— 1 (10)
where (7, b;) represents the mapped grid position of
trajectory sampling point ¢; (r;, b;) the mapped grid
position of the adjacent sampling point j; and G the
minimum number of intermediate grid cells required
to connect the mapped grid positions of sampling
points 7 and j. This value can be equivalently regard-
ed as the flight trajectory length D, which is used in
the subsequent calculation of flight trajectory redun-
dancy.
Fig.3 illustrates three typical scenarios of grid-

based rapid statistics. Case 1 involves adjacent tra-

jectory points mapped to connected grids, with the
number of intermediate grids G;=0. Case 2 in-
volves adjacent trajectory points mapped to grids in
the same column, with the number of intermediate
grids G;=4. In Case 3, the mapped grids of adja-
cent trajectory points are in different rows and col-
intermediate

umns, with the number of

grids G,;= 3.

bbj~-1

&= {rp bj’ hj}

Case 1 Case 2 Case 3
Fig.3 The least number of intermediate grids between two

discrete grids (in longitude-latitude projection plane)

Therefore, a given trajectory segment S, com-
posed of n consecutive trajectory points is denoted
as S,={pi,ps
(where 0<C7/<Cn) includes the flight number, the

-, pr). Each trajectory point p,

sampling time, the three-dimensional spatial coordi-
nates (x,, y:, 2;) transformed into a Cartesian coordi-
nate system, and the corresponding grid coordinates
(715 0.y R, ). Therefore, the trajectory point expresses
as p,= {flight number, #,, x;, y:, 2;, 715 b, h;}. By se-
quentially calculating the intermediate grid count G
between adjacent trajectory points and accumulating
these values, the number of grids traversed by the
trajectory without sampling points G, is obtained.
By adding the number of grid cells that correspond
to the original trajectory points G,, the final number
of grids traversed by the trajectory G, is calculated

as

n

‘sz[maxﬂr,*

i=1

7’1‘\1|"b;*b,\1‘)*1] (11)

G, =G, + G, (12)

Additionally, the number of grid cells corre-
sponding to the bounding rectangle of trajectory seg-
ment S,, denoted as G,, serves as a reference for
the aircraft’s operational spatial range. This value is
calculated as twice the sum of the number of hori-
zontal and vertical grid cells occupied by the trajecto-

[4]

ry’ s bounding rectangle'*', which is equivalent to
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the perimeter E of the flight trajectory’s minimum
bounding rectangle. Therefore, the redundancy ¢,
for this trajectory segment is the ratio of the number
of grids traversed by the trajectory G, to the number
of grid cells corresponding to the minimum bound-

ing rectangle G, as
G,
= . (13)
Consequently, utilizing grid count calculations
for flight trajectory redundancy provides an intuitive
representation of the trajectory’s variation, estab-
lishing the foundation for subsequent flight behavior

detection.
3.2 Flight deviation behavior detection

According to the definition of deviation, if the
time scale is set too large, short-term deviations
may be missed; if too small, the overall deviation
may be overlooked. Therefore, an adaptive sliding
time-window detection method is designed. When
the trajectory redundancy exceeds the threshold or
reaches the preset time limit, the trajectory is auto-
matically segmented, enabling the comprehensive
detection of flight deviation behaviors across differ-
ent time scales. The adaptive principle of this meth-
od 1s based on a dual-trigger mechanism: When the
trajectory redundancy within the sliding window ex-
ceeds the set threshold, the trajectory is immediate-
ly segmented to capture short-term deviation behav-
iors. If the time window reaches the preset maxi-
mum duration, the trajectory will be automatically
segmented. The specific algorithm process is as fol-
lows.

Step 1 Threshold setting. The maximum
time scale 7,,, the trajectory redundancy threshold
¢, and the trajectory deviation threshold 7,.,
should be specified.

Step 2 Task-create. Set the task of detecting
flight deviation behaviors for trajectory S, which
generates k trajectory segments. If the duration of a
sliding detection window is T, the trajectory in this
S Pebs
t(py)—t(p,)=T;, where the time length of the

time window is S,={p1,ps, ** satisfying

sliding window 1s the time difference between the

first and the last trajectory points of the segment. Si-

multaneously, calculate the redundancy ¢, of this
trajectory segment S;. If ¢y = oo O T4 ==y, the
adaptive sliding time window is used for automatic
trajectory segmentation.

Step 3 Reference trajectory definition. Clus-
ter historical flight trajectory data. Within the trajec-
tory cluster containing trajectory S, the reference
trajectory is defined as the trajectory with the short-
est distance to others in the cluster. The reference
redundancy is the minimum redundancy of all trajec-
tory segments in the reference trajectory.

Step 4 Trajectory segment deviation calcula-
tion. Based on the definition of flight deviation be-
havior, calculate the difference in redundancy be-
tween each trajectory segment of S and the refer-
ence redundancy, yielding the trajectory segment
deviation 7.

Step 5 Results merging. Generate a sequence
of trajectory segments {S,,S,, -+, S,} with explicit
time boundaries and behavior characteristics, along
with  their results

corresponding  calculation

{¢1, &2y =+, &) The total redundancy of the entire
trajectory is denoted as ¢ yccior-

Step 6 Deviation behavior detection. Select
the trajectory segment with the maximum deviation
as the overall compliance or deviation magnitude of
the entire trajectory, in terms of ey I Duaieciory =
Nmas» 1t Indicates the presence of deviation behavior

in the flight.

4 Experiments and Discussion

4.1 Data processing and clustering

The ADS-B data in this study is from Tianjin
Binhai International Airport (hereafter referred to as
Tianjin Airport) for December 2018. The details of
the ADS-B data are provided in Table 2.

According to the arrival procedures at Tianjin
Airport, flights from the East China, Northwest,
Southwest, and South-Central China regions ap-
proaching Tianjin Airport (TIANJIN) via VYK
waypoint and flights from the Northeast and East
China regions approaching via the KALBA way-

point are shown in Fig.4"*"".
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Table 2 Description of ADS-B data

Time Flight Longitude/  Latitude/  Altitude/  Head/  Ground speed/ Vertical speed/
number ) ) m ) knots (ftemin™")
2018/12/01 12:12:00 CSC8810 117.34 39.22 2108 178.531 147 —429
VYKL VYK DONGLIHU tinuous descent profile, displaying step-down de-
VYK2 scent characteristics. Such deviations are indicative
VYK2 LADIX - TIANIIN ATEA of trajectory redundancy. In Fig.6(b), within the

Fig.4 Arrival procedures of Tianjin Airport

The experimental area is the airspace with ap-
proximately 40 nm (74 km) radius centered on
Tianjin Airport termly longitude range (116.764 1°E,
117.357 6" E) and latitude range (38.728 4° N,
39.324 1°N). A total of 120 flights landing at Tian-
jin Airport are collected and pre-processed, whose
data size is up to about 3.38 GB.

Trajectory clustering extends standard analysis
to spatio-temporal data, partitioning objectors that
exhibit similar movement patterns and behaviors. In-
corporating geometric similarity, this study defines
a high-dimensional state space comprising five key
kinematic variables: 3D position, ground speed,
and heading angle. A domain-driven weighted Eu-
clidean distance (WED) metric™*’ was formulated
to construct a weighted similarity model, enabling
the prioritization of specific kinematic features. On
this basis, considering flight consistency, a progres-
sive density-based spatial clustering of application
with noise (DBSCAN) "/ algorithm was imple-
mented. Following fine-tuning the settings termly
Eps and MinPts, the optimal configuration yielded
six distinct clusters, each representing a unique
flight operational pattern, as illustrated in Fig.5.

According to the arrival procedures at Tianjin
Airport, the VYKI1 and VYKZ2 arrival directions
largely align with the blue cluster identified in the
clustering results, whereas the VYK3 corresponds
to the green cluster. The KALBA arrival direction
from east to west shows four distinct trajectory clus-
ters. Taking Cluster 1 (blue cluster) as an exam-
ple, this cluster clearly contains trajectories that de-
viate from the standard approach path. From a verti-
cal perspective, Fig.6(a) reveals that certain trajec-

tories within this cluster deviate from the ideal con-

2 000—6 000 ft (600—1 800 m) altitude block,

several flights exhibit extended level or constant-

39.6

394

Latitude / (°)
W
o
(3]

w

o

o
T

117.0 1172 1174 117.6 1178
Longitude / (°)

— Cluster 1: 46 flights; 28 103 points

— Cluster 2: 16 flights; 8 792 points

— Cluster 3: 19 flights; 14 181 points

— Cluster 4: 6 flights; 5 045 points

— Cluster 5: 8 flights; 4 581 points

— Cluster 6: 22 flights; 13 852 points

Clusters: 6

Fig.5 Clustering results of flight trajectories
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Fig.6 Vertical profile of flight trajectories in Cluster 1
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rate descents. During these level flight segments,
maintain airspeed required engine thrust to be great-
er that drag. This invariably leads to additional fuel
consumption* and is a classic example of an ineffi-

cient flight behavior.
4.2 Calculation of flight trajectory deviation

This study selects Cluster 1 for the analysis of
flight trajectory redundancy and deviation. A total of
27 820 trajectory points from 45 flights are extracted
from Cluster 1. To ensure the validity of trajectory
deviation analysis, the constrained optimal profile
under SOPs is designated as the reference trajecto-
ry. Specific flights are identified to serve as the refer-
ence trajectories for their respective procedures.
Therefore, CSC8810 and GCR7818 from VYKI
and VYKZ2 arrival directions are chosen. They fol-
low all rules while completed the flight in the short-
est time and distance. The trajectory redundancy
threshold 1s set to 1, with a time threshold for the
sliding window of 1 min. The combined weighting
coefficient a is set to 0.5. Table 3 lists the weights
of the three planes (F,,, F.., F,.) and the corre-
sponding trajectory redundancy of the two reference

flights.

Table 3 Weights and redundancy metrics of three planes

for reference trajectories

Flight trajectory

) Weight
Flight redundancy Total
r, F. F. F, F. F,
CSC8810 11.72 4.37 12.54 9.69
0.29 0.32 0.39
GCR7818 12.62 5.89 13.81 10.93

As indicated in Table 3, the combination
weighting method derives weights from both expert
experience and data analysis, resulting in higher
weights for the two vertical planes than for the hori-
zontal longitude-latitude plane. This finding indi-
cates that during the approach and landing flight
phase, vertical redundancy changes should be em-
phasized to improve the model’ s ability to detect
and interpret flight deviations, such as step-down

descent.

Table 4 presents the trajectory segments and
redundancy results for the reference flight CSC 8810
in the VYKT1 arrival direction.

Table 4 Redundancy analysis of flight trajectory seg-

ments for reference trajectory CSC8810

Three-dimensional trajectory Segment Segment

redundancy analysis diagram number redundancy

1 0.566

@ S 2 1.124

6000 ,;Tf:g;‘;yy 3 1.084

wos M 4 1.051

o - 6 1.081
s, 7 1.055
s 8 1.034
9 0.877

10 0.629

Total trajectory redundancy 9.35

As shown in Table 4, the reference trajectory
is relatively smooth, with a minimum redundancy of
0.566. This value serves as the reference redundan-
cy to calculate the total redundancy and deviation for
all flights. Table 5 summarizes the top five flights
with the highest deviation. Among them, flight
GCR7864 demonstrates the greatest deviation, indi-
cating that its overall trajectory compliance is rela-

tively poor.

Table 5 Statistical results of the top five flights with the

highest deviation

Flight number  Total redundancy  Trajectory deviation

GCR7864 14.151 0.787
GCR7898 10.854 0.783
HXAZ2670 14.288 0.772
CQHB8883 10.956 0.755
CHH7233 13.318 0.745

4.3 Results analysis

The flight trajectories of the three flights with
the highest total redundancy and the three flights
with the lowest total redundancy from VYKI arrival
direction in Cluster 1 are selected for comparison,
as shown in Fig.7.

In Fig.7(a), the red-marked trajectory has the

highest total redundancy, while the green-marked
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Fig.7 Flight data analysis using trajectory redundancy

trajectory has the lowest total redundancy. In Fig.7
(b), the flight time deriving from the first and last
trajectory points is compared to the total trajectory
redundancy, with a correlation of 0.896. It substanti-
ates the high correlation between redundancy and
flight efficiency. From the perspective of a single
flight, detailed redundancy information of the trajec-
tory is examined to gain deeper insights into trajecto-
ry inefficiencies. For the flight GCR7896 exhibiting
the highest trajectory redundancy, Fig.7(c) pres-
ents its vertical projection and segmental redundan-
cy. Fig.7(d) illustrates the speed-altitude profile,
where the aircraft maintains constant speed during
steep descent, leading to higher fuel consumption.
Based on the above results, it is evident that
flight trajectories with higher total redundancy exhib-
it significant turning behaviors, longer flight times,
and lower flight efficiency. This finding not only in-
dicates that the redundancy metric designed in this

study can analyze non-linear behaviors such as flight

turns, but also provides a redundancy-based method
for evaluating flight efficiency.

Building upon the redundancy analysis, the tra-
jectory deviation metric enables a more precise iden-
tification of flight deviation behaviors, proving a
quantitative assessment of efficiency, abnormality,
and potential safety risks. As only a small subset of
flights exhibits notably high deviation levels while
the majority remain close to the reference trajecto-
ry, the deviation distribution within a given arrival
procedure follows a non-normal pattern. Given this
data distribution, the interquartile range (IQR)
method'*"" was employed to statistically identify de-
viation outliers. The 90th percentile of deviation val-
ues was set as the threshold for inefficient flights,
whereas the 99th percentile was defined as the
threshold for abnormal flights'*’. For the VYK1 ap-
proach, Fig.8
(HXA2670 and GCR7898) and one abnormal
flight, GCR7864, with a deviation of 0.786 847.

shows two inefficient flights
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Fig.8 Flight deviation distribution in the VYKI1 approach

direction

Table 6 presents the deviation and redundancy
analysis results for flight GCR7864, which has the
highest deviation. As shown in Table 6, the trajec-
tory segment numbered 6 exhibits significant turning
behavior, with the highest deviation and relatively

high redundancy.

The speed-altitude profile reveals a brief abnor-
mal speed change near 3 000 m (segment 6 in the
red-highlighted zone), possibly due to sudden
weather conditions. The observed speed profile may
suggest complex maneuvering. Furthermore, influ-
enced by factors such as air traffic control (ATC)
instructions, the aircraft failed to comply with the
continuous descent approach (CDA) standard"*,
maintaining level flight near 950 m before reducing
its airspeed to approximately 140 knots (259 km/h)
to initiative a stable descent. Operating under high-
thrust, low-altitude, and low-speed conditions led
to excessive fuel consumption and diminished safety
margins. Integrating the three-plane trajectory pro-
jections reveals that the aircraft performed a step-
down descent vertically and a detouring maneuver
horizontally. These patterns are characteristics of in-
efficient and abnormal flight behaviors. Therefore,
the trajectory detection method proposed in this
study effectively quantifies short-term deviation be-
haviors, evaluates flight efficiency indicators, and

identifies potential operational safety risks.

Table 6 Trajectory redundancy and deviation analysis of flight GCR7864

) ) ) ) Segment Segment Segment
Three-dimensional trajectory redundancy analysis .
number  redundancy deviation
Trajectory Trajectory
56 : ]S;aét ® |redundancy redundancy
5 r ¢
" . 1 0.335 0.231
4000
Lo 39275 - 2 1.156 0.590
< a0  Caeasor SR .
s S 30225 @ En -~ 3 1.244 0.678
g 08 239200 - \ 08 : :
< - £ 391750
k. [ oo Sas0be ., - 4 1.064 0.498
- 1168 1169 1170 1171 1172 1173 .
1000t Longitude / (%) N
04 Longitude-latitude plane projection 04 E 1.095 0.529
o L 6 1.353 0.787
130 140 150 160 170 180 190 200
Speig-e:lfjiulidn:;ane 7 1 " O 6 7 O " 50 1
Trajectory Trajectory
. ® Start | requndancy . © Start | redundancy 8 0.992 0.426
50001 B End 5000 F \C B End
. 12 h 12 9 1.218 0.652
4000 4000
s 0 g 10 10 1.094 0.529
3 3000} = 53000 ™~
E 08 2 08 11 1.110 0.544
< 2000F < 2000
0.6 06 12 0.849 0.283
1000} 1000 - )
L= 0.4 \ 04 13 1.122 0.557
0 -I L L 1 1 1 1 s 1 L 1 L 1 X
39.14 39.16 3918 39.20 39.22 39.24 3926 1168 1169 1170 1171 1172 1173 14 0.453 0.114
Latitude /(%) Longitude / (%)

Latitude-altitude plane projection

Longitude-altitude plane projection

5 Conclusions

Concentrating on the limitations of existing

flight behavior analysis methods in evaluating effi-
ciency and safety, this study develops a flight devia-
tion behavior analysis method based on ADS-B da-
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ta. The main innovations are as follows.

(1) This study introduces the concepts of flight
trajectory redundancy and deviation, establishing a
unified framework for flight behavior evaluation.
This approach overcomes the limitations of tradi-
tional methods, which typically analyzes flight effi-
ciency or statistical anomaly detection from a single
perspective.

(2) A flight behavior detection model is con-
structed that uses adaptive sliding time windows to
automatically segment trajectories, enabling fo-
cused analysis of deviations in specific segments of
the flight trajectory with enhanced specificity.

(3) A flight trajectory deviation verification
methodology is deigned, capable of effectively iden-
tifying various flight deviation behaviors including
step descents, detours, and holding patterns.

(4) Using actual flight data from Tianjin Air-
port as a case study, the positive correlation be-
tween trajectory redundancy and flight efficiency is
validated, successfully identifies high-deviation
flights that exhibits deviation behavior in specific tra-
jectory segments. These findings underscore the
practical application value of the method for opera-
tional efficiency and compliance with SOPs.

This paper proposes a quantitative evaluation
method for flight deviation behaviors. Future re-
search could incorporate machine learning and other
advanced algorithms to improve the generalizability
of this method across different airports and airspace
environments, encompassing comprehensive behav-
ioral assessment throughout all flight phases. It will
contribute to the development of a more intelligent

and comprehensive flight behavior evaluation sys-

tem.
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ET Y THEHENMEESITASTERUGR

FMehH BB, T4aF
([ B R 2 23 v 3 38 A A B, R 300300, TR )

WE REATAFRLARRE T RLBEEA AR, ﬂms_wé’lﬁﬁﬁ%&ﬁ_%%%ﬁ%ﬁ%l&i x kAT R o B
K E AR, R, LA B AL E — ) JE 3 AR S S A S EHAT M B Z G — IR AR, A
Rd—H LT %X B 3£ %A (Automatic dependent surveillance-broadcast, ADS-B) 4k # 69 AL JE 145 & 47 4
S¥ Gk, BEEZLKATRECRAFABEEME,EHFATEAAERROMRIT AN Tk, FHhER
A B T A AKX, AT REAAR . A, AR B RS R BRI T F AR AT A, —
FBAET Fk A, ZMANFFRELEN AR ES LR S P RBETEF S BRARE LS, L
HEER AN,

KGR MR BAT A RATHIE ; —AT R A BT R R IE IR F

MRER:

1. METRESAFNOR—ER, KRR HERIIANT AT TRE S EE " HA, LT RIEAT
AMGEEFNIRER ., BFEALRATEERR T RITKESHN S FF AT R0 L — 0y B,

2. FILT SEAFAE A EBAEAR . KXAET —AET AL R E S AT o ALIEAT AR AR, KT
RATHTE R BB 5B, EAER ARG AT IR PO SRR ATRE NN, RFRIT R B AT A0 64
favey

SRET S RAENBBITARIET &, K FRIET — B2 A K RITHIER S RN 5 E, B LRI
HOH T ARFFENGSHRAATIRBBET A AR ZE XL BN L EBTRERMET HFED G RR
X #&.



